A novel approach to the emotion classification of abstract paintings is proposed. Based on a user study, we employ computer vision techniques to understand what makes an abstract artwork emotional. Our aim is to identify and quantify which are the emotional regions of abstract paintings, as well as the role of each feature (colour, shapes and texture) on the human emotional response. In addition, we investigate the link between the detected emotional content and the way people look at abstract paintings by using eyetracking recordings. A bottom-up saliency model was applied to compare with eye-tracking in order to predict the emotional salient regions of abstract paintings. In future, we aim to extract metadata associated to the paintings (e.g., title, keywords, textual description, etc.) in order to correlate it with the emotional responses of the paintings. This research opens opportunity to understand why a specific painting is perceived as emotional on global and local scales.
INTRODUCTION
The growing number of digitalized images has raised the request for automated tools to support efficient search of imPermission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. Copyrights for components of this work owned by others than ACM must be honored. Abstracting with credit is permitted. To copy otherwise, or republish, to post on servers or to redistribute to lists, requires prior specific permission and/or a fee. Request permissions from Permissions@acm.org. ages. Several studies are trying to address this problem with the use of textural indexing and Content-Based Image Retrieval Systems (CBIR), in which CBIR is mostly based on low-level features such as colours, textures and shapes [17] . However, when humans query images often use complex and emotional aspects to describe them. This gap between the human perception and emotion of images and the interpretation computed by the machine, is one of the main challenges of computer vision and multimedia community [15] .
The study of emotions conveyed by images and artworks has been an active topic not only in psychology and visual art research, but also from a computational point of view. Moreover, there is an increase of interest on understanding the link between the emotional responses by humans and the low-level features in images [15] . These low-level features, i.e., colour, shape, texture, are particularly used by artists on abstract paintings to depict emotion.
Since a painting can be considered as a combination between the emotions the artist meant to depict and the emotional interpretation from the viewer, we believe that a computational approach on emotion recognition of abstract paintings can lead to a new perspective in art theory. Moreover, such an approach can enrich computer vision techniques by understanding emotional patterns and structures of images.
However, some challenges come into question: what makes an abstract artwork to be perceived as emotional by the viewer? How a machine can learn which are the low-level features that can explain the emotional responses conveyed by a painting? Why people prefer to look at some specific regions of paintings? Can computer predict the emotional regions of the abstract paintings?
In my PhD thesis, I aim to incorporate the extended studies of art theory and psychology to computer vision techniques in order to automatically recognize and classify the emotions conveyed in abstract paintings. Our approach, based on empirical studies, presents a significant contribution to identify and quantify emotional valence regions of abstract paintings. Moreover, we employ an in-deep analysis of the effects of texture on emotional responses. An analysis of colour combination and metadata associated to the painting is being conducted. In addition, we present a study of the viewer's eye movements while looking at paintings, which shows the regions where people prefer to look. We also applied a computational model of attention to predict attention on the abstract paintings. This study offers a useful addition not only to the psychological and art theory point of view, but also for computer vision and humancomputer interaction.
RELATED WORK
Emotion can be defined as the physiologic and psychological effect caused by human mind and behaviour in a determined context [1] . During the past century philosophers and psychologists proposed theories of emotions which still today continue to support the research in this area. Currently, two of the most popular psychological approaches to classify emotions are used: discrete and dimensional. The discrete approach categorizes emotion in six basic emotional groups: happiness, sadness, anger, fear, surprise and disgust [2] . In the dimensional approach, emotions are categorized along arousal and valence dimensions [20] . Arousal delimitate the intensity of emotion, and valence measures the positive and negative emotions. The current works on emotional categorization of artworks and images points out as advantages of using the dimensional approach the disambiguation of the emotional states and the consistency with the way the brain processes emotion [13, 12, 15, 19] . This work applies the dimensional approach of emotion. We use positive and negative valence to quantify the emotional message evoked by the paintings.
Several works had observed that emotions are directly associated with human attention, perception and memory. The growing need for intelligent tools for image retrieval and the advance of technology to detect physiological human signals, developed the interest on the computer vision and multimedia community in detecting emotional information [8] . The emotional categorization of images is considered a significant support to bridge the semantic gap between the high level emotions from humans and the low-level features computed by the machine [22] as well as allows for improvements in human-computer interaction [21] .
Many psychological approaches attempts to understand the human perception, in order to interpret the art appreciation and the emotional responses conveyed in paintings. Leder et al. [13] conducted an empirical analysis of how art is appreciated based on the level of expertise in art of the participants, the different classes of artworks (Abstract, Modern and Classic), the measure of emotion (valence and arousal) and the artwork comprehension. Their results showed that emotion is the strongest predictor of art appreciation, independently of styles of art and the expertise of people.
Recently, there is an increase of interest of computer vision and multimedia research on the automatic emotion recognition of artworks. The main reason relies on that artworks are specifically composed to convey emotions. Yanulevskaya et al. [28] proposed an approach based on assessment of local image statistics, which applied supervised learning of emotion categories using Support Vector Machines to provide an emotion categorization system of paintings. The work of Machajdik and Hanbury [17] combined concepts of psychology and art theory with low-level features to categorize emotionally images. Lu, et al. [15] investigate through statistical analysis how shapes are related to emotions in natural images. The works of [28] , [17] , and [15] conducted experiments to measure the performance of their methods on the International Affective Picture System (IAPS). The IAPS is an image collection annotated and categorized based on semantic and psychological concepts [9] .
A recent work [30] applied multiple kernel learning framework for affective classification of digital abstract art images. These studies concentrate on detecting emotions evoked by artworks as a whole. In our work we apply computer vision techniques to identify the emotional parts of abstract paintings.
PROPOSED METHODOLOGY
Most of the aforementioned related work identifies emotional features in standard datasets of semantically rich images. In this research we investigate the emotional responses evoked in abstract artworks. When the artist composes an abstract artwork, he uses lines, shapes, colour and texture to depict emotion. These artworks are composed by forms that are detached from the natural and historical context, which mean these paintings have no semantic content. We use computer vision techniques to analyse the same features (colour, shapes and texture) used by the artist, in order to understand the emotions depicted in abstract artworks. To validate our findings and to understand which the most emotional regions of the paintings are, we investigate the interaction between the viewer and the paintings by applying an eye-tracking study [29] .
This research concentrates on abstract paintings in order to learn how low-level features evoke emotions and how they influence the emotional responses of paintings. In addition, we used the state-of-the-art of computer vision techniques which are effective on extracting the exact features used by the artist to convey emotion. We do not concentrate on figurative paintings as it would be necessary to apply different approaches and different studies of emotions as humans would be influenced by the semantic content.
Emotion Recognition of Professional and Amateur Abstract Paintings
To analyse how abstract artworks affect emotionally people, we conducted a set of experiments with two datasets of abstract paintings. The first dataset is composed by a collection of 500 professional abstract artworks from the electronic archive of Museum of Modern and Contemporary Art of Trento and Rovereto (MART) [29] . The second dataset is an amateur collection of 500 abstract paintings from deviantArt, an online social network dedicated to user-generated art.
As a first study, 100 people was recruited and were asked to rate in 1-7 Likert scale the paintings of MART dataset in positive and negative emotions. In this Absolute Scale of annotation, the score 1 meant highly negative and the score 7 highly positive. In a second study a Relative Scale annotation was applied, in which people were asked to choose the more positive paintings out of two. This experiment was conducted for both MART dataset and for deviantArt dataset. In this study it was applied the True Skill ranking system [4] in order to optimally rank the paintings from the most positive to the most negative. In addition, a third study was conducted to analyse the emotional responses, positive and negative, invoked by MART dataset with no hue value.
These studies allow us to set a ground truth of which abstract painting conveys which emotion. For Absolute Scale Annotation an average for each painting over all scores is computed. The paintings with average score equal or lower than 4 was considered as negative and the average score higher than 4 was defined as positive. For Relative Scale Annotation, as each painting was compared 15 times, the True Skill score of the painting chosen 8 times as the more positive was considered as threshold.
Colour and Texture: Feature Extraction
In order to train a classifier to distinguish paintings between positive and negative emotions, we apply a standard Bag-of-Visual-Words classification framework. Our approach is based on colour LAB visual words and texture SIFT visual words.
The LAB colour space is a 3 dimension space where L represent the lightness and a and b the colour-opponent dimensions of an image. We use LAB colour space as it corresponds closely to the human brain-eye system. To map LAB descriptors to visual words, we quantize the colour space into 343 different colours by dividing uniformly each colour into 7 different levels.
The SIFT descriptor, Scale-Invariant Feature Transform, describes the local distribution of contours, edges and textures within images [14] . We take local patches of 16-by-16 pixels sampled at every single pixel. From these patches we extract grey-scale SIFT descriptors and two colour variants, RGB-SIFT and RGI-SIFT as recommended by van de Sande et al. [24] . To create a visual vocabulary we quantize 250,000 randomly selected SIFT descriptors into 4096 clusters using a hierarchical implementation of k-means clustering [26] .
For both annotation approaches, Absolute and Relative Scale, we train a Support Vector Machine with a Histogram Intersection Kernel for supervised learning of [18] . We tested our model using a two-fold cross-validation repeated 1,000 times. To analyse the contribution of each type of visual words we separately evaluate the accuracy of the system based on LAB visual words and on SIFT visual words. Then we combine both systems by averaging their classification scores.
Overall, the proposed method performs significantly better than chance level for both professional (MART) and Amateur (deviantArt) datasets of abstract paintings. Our results on MART dataset shows that for both Absolute and Relative Scale annotation, LAB visual words are more effective for emotional classification of abstract paintings compared to SIFT visual words. The combination of LAB and SIFT visual words raises the accuracy for both Absolute Scale (0.764) and Relative Scale (0.772). For deviantArt dataset, the combination of LAB and SIFT raises the accuracy to 0.770. These results indicates that both colour-based LAB visual words and texture-based SIFT visual words are relevant features for emotion recognition in both professional and amateur abstract paintings. Moreover, we observe that both absolute and relative scale annotation methods can provide a reliable ground-truth for a positive/negative emotion recognition task in abstract paintings.
Backprojection
In this research we also apply the backprojection technique of [23] to visualize the positive and negative contribution that comes from each pixel in the painting. With this method we could analyse the regions which convey the most relevant information in the classification task. Figure 1 , reports the results for the four highly positive and highly negative paintings. The results shows that dark colours such as black, dark blue and dark green have mostly negative emotional response, while light colours, such as red, yellow, and light blue often evoke positive emotions. Moreover, we observed that positive emotions often come from straight lines and smooth curves. In contrast, chaotic textured regions often evoke negative emotions. 
The Contribution of Colour and Texture
With the previous analysis we observed the importance to look into each feature (colour and textures) and make an indeep study of how these features affect emotionally people on abstract painting. Indeed, we are investigating which are the specific aspects of each feature, in order to understand the emotional interaction between the human and the painting and why abstract paintings convey emotion.
The Role of Textures
To investigate the role of textures on positive and negative emotions on abstract paintings, we use a study from the psychophysics literature that looked into the contribution of texture. In [16] , they used synthetic and parameterized textures created with Perlin noise to conduct a user study. With this study they distribute texture in four emotional scales: warmness-coldness, masculinityfemininity, heaviness-lightness, and hardness-softness perception. Then they created a model that maps the Perlin parameters of the image to the feeling it induces.
In this analysis, we derive these parameters for MART dataset by an inverse-Perlin parametrization, and use the psychophysical model proposed in [16] to characterize texture. We did not computed warmness-coldness as it depends on colour. To obtain this parametrization, we derive MR8 texture feature descriptors of [25] , and train a classifier that maps these features to the respective Perlin parameters. With this analysis we could observe that the effect of texture is more influential in the hard-soft scale, followed by masculine-feminine, and then heavy-light. The paintings with geometrical composition and pure lines are ranked as soft, and the paintings with complex lines and granular patterns are ranked as hard. We observed a similar pattern in the masculine-feminine distribution, in which dark and chaotic paintings seem to be more masculine, while light and plain designs more feminine.
Moreover we contrasted the results of the annotation conducted with MART dataset in coloured and non-coloured versions. We could observe that there was a small but positive correlation between the emotional responses of subjects (correlation coefficient: 0.3674), even though it was applied the same annotation approach, but with different group of subjects. Our analysis shows that people reacted differently when annotate emotionally greyscale versions of the abstract paintings. In addition, these results suggest that texture by itself has a smaller contribution for the positive and negative emotional valence of coloured paintings compared to the contribution of colour.
The Role of Colours
The precedent work shows that the contribution of colour is more prominent to emotional response than texture. For this reason we aim to analyse the colour combinations of abstract paintings. This study is based on Itten's theory of colour expression, according to which it is observed that it is difficult to define the expressive properties of a colour without relating it to other colours [6] . Indeed, in the theory of colour expression Itten observed two-colour combinations. A study on Itten's theory and an empirical research about emotions in colour combinations are being conducted. The aim of this study is to understand how the combination, amount, position and distance between colours influence the emotion in abstract paintings.
Visual Attention and Emotional Content
While people are evaluating emotionally the paintings, different regions of the painting may influence the subject in different ways. To identify the most influential regions and the interaction between the viewer and the painting we apply an eye-tracking study. As we have previously identified the emotional parts (positive or negative) conveyed by the abstract paintings, we investigated the correlation between the emotional content and the way people look at paintings.
We recorded eye movements while 9 observers looked at 110 abstract paintings to understand if people prefer to focus at the positive or negative parts of the paintings. The 110 selected paintings were composed by positive, negative, and neutral contribution to the classification (at least 25% of its pixels). We compared the averaged pixel-wise contributions to the classifier from fixated and non-fixated locations. We considered Positive Attention Bias when the average contribution of fixated locations on positive visual words (the combination of LAB and SIFT visual Words) is higher than the non-fixated locations. The opposite situation we called Negative Attention Bias. The attention bias is considered neutral when the average of fixated and non-fixated regions does not differ significantly. Our results showed that there was a positive attention bias when people look at abstract paintings. An eye-tracking analysis of the same paintings in grayscale is planned to do as future work.
In addition, we applied a computational model of attention that can simulate the subject gaze behaviour. The human attention is driven by a bottom-up and top-down principles. Bottom-up is guided by low level properties of the visual stimulus, and top-down is dependant of cognitive factors, such as context, knowledge and tasks [7] . As abstract artworks have low semantic content, and most of the computational models of attention are bottom-up, we expected that the visual attention of abstract painting will be mostly a bottom-up process. To validate our hypothesis, we have compared the predictions of a prominent computational saliency model, implemented by Dirk and Koch [27] , with the eye-tracking results obtained on the MART dataset [29] .
We use the Fixation Analysis Software of Le Meur [10] to compare predictions of the computational model of attention with the eye fixation data of MART dataset. The Area Under the Curve (AUC) measure, computed from the ROC curve, provides the degree of similarity of fixation points and saliency maps. The AUC value equal to 1.00 indicates a perfect performance, while the AUC equal to 0.50 denotes a random performance. The average AUC between eye-fixation ground truth and simulations of the computational model of attention were 0.93 for coloured paintings and 0.94 for grayscale paintings. With these results we could observe that bottom-up computational model is effective to find the salient locations of abstract paintings. Moreover, the little difference in salient locations for coloured and grayscale paintings can implies that while colour is the dominant feature to evoke emotions, texture dominates in driving the attention of the subject.
The Contribution of Metadata
Psychological studies observed that titles and description influences the perception of paintings. Some of these works showed that people describe paintings differently after they read the title [3] . Also, they postulate that title and description of paintings can improve the understanding [11] and the aesthetic evaluation [5] . For this reason we believe that the metadata associated with paintings (e.g., title, keywords, description, etc.) are a fundamental characteristic of the emotional interaction between the viewer and the painting.
We plan to extract the correspondent metadata of the paintings and apply Sentiment Analysis to investigate the correlation of positive and negative emotions between the titles, descriptions and abstract paintings. Moreover we plan to do an eye-gaze study to understand the changes on the interactions between the viewer and the painting, as well as how this content influences people emotions while they are looking at abstract paintings.
CONCLUSIONS AND FUTURE WORK
This research aims to understand of what makes an abstract artwork emotional. We made an in-deep analysis of the effects of colour and texture in the positive and negative emotions evoked in abstract artworks. This analysis allows us to develop effective methods to predict emotional valence (positive and negative) of paintings with no semantic content. We conducted 2 different user studies, Absolute and Relative Scale annotation, in two distinct collections of abstract paintings, professional and amateur. The professional collection is from MART Museum and the amateur set is from deviantArt social network. We applied advanced computer vision techniques to classify the emotional valence of these abstract paintings. By training a Bag-of-Visual-Words system and by backprojecting the classification evidence, we could visualize which parts of the paintings conveyed positive and negative emotions. With the correlation of the localized emotional evidence with eye movements we could understand where people prefer to look. Our results show that there is a positive attention bias when people look at abstract paintings. Moreover, we investigated the saliency distribution of these paintings, in which shows that computational models of bottom-up attention are effective to predict emotional valence in abstract paintings. The study of preferential biases can be a useful tool to improve interaction between the viewer and the image, in which it can be applied in studies of aesthetics and interestingness of images.
In order to understand the specific characteristics of each feature (colour, texture and shapes), as future steps we plan to investigate each feature separately. We also aim to study the effect of metadata in the emotional responses on abstract paintings by applying Sentiment Analysis approach. Moreover, we plan to apply an eye-gaze study to understand how the metadata content influences the emotional responses. The emotional categorization of paintings can be a powerful support not only to art researches and museum curators, but also can improve the image retrieval and the human-computer interaction, by bridging the semantic gap.
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